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Motivation

1. Post-API scarcity
Platforms restrict public APIs, leaving researchers with patchy or paywalled data (Mimizuka et al.,
2025).

2. Research bottleneck
These gaps stall research on online community dynamics and interventions.

3. Synthetic data
Agent-based models can reproduce collective phenomena in silico (Adornetto et al., 2025).

4. LLM agent simulations
LLMs enable higher-fidelity social simulations with realistic text (Vezhnevets et al., 2023; Rossetti
et al., 2024).

Guiding Question

Can LLM-agent simulations reproduce known
social-media patterns in evolving communities? 2 / 33





3 Types of LLM Agents

. Task/tool oriented autonomous agents
Agents whose primary function is to achieve
instrumental goals in an environment.

F Reasoning social agents
Agents whose key behavior is strategic reasoning
under interaction with other agents or institutions.

v Cultural social agents
Agents that reproduce or generate cultural and
social patterns.
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Questions

Can LLM agents, acting under realistic platform rules, reproduce:

s Activity
Activity rhythms and heavy-tailed par-
ticipation

l Network
Network structure (core–periphery)

I Toxicity
Patterns of toxic language

} Semantics
Semantic alignment and linguistic
convergence
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Pipeline

* Analyze n Calibrate ä Simulate 4 Validate

* Analyze real community data (MADOC dataset).
n Calibrate parameters to activity and thread statistics.
ä Run 30 independent 30-day simulations.
4 Validate via operational validity with 99% CIs vs Voat.
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Agent population (example)

• 50 agents per run, 30-day horizon, 30 independent runs.
• LLM: Dolphin Mistral 24B Venice Edition, uncensored model.
• Fixed Voat link catalog for technology topics.

Attribute Values Sampling

Education High school, Bachelor, Master, PhD Uniform
Age 18–60 Uniform
Gender Male, Female Uniform
Actions per round 1–10 Zipf
Toxicity propensity Absolutely No, No, Moderately (0.70, 0.15, 0.15)
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Persona prompt (template)

f Prompt Templates

agent_roleplay: "You are role-playing as {self.name}, a {self.age} years old
{self.nationality} {self.gender}. You identify as {self.leaning} and are interested
in {interests}. Act as requested by the Handler."
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Operational validation panel

s Activity
Basic statistics, growth, and participation
inequality

l Network
Topology and core–periphery structure

I Toxicity
Distributions and propensity

p Topics
Topic matching and embedding similarity

} Convergence
Linguistic convergence
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Activity growth (30 runs)
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Core–periphery example
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Degree distribution (log-log)
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Repeated interactions
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Toxicity distribution (simulation vs Voat)
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Toxicity by propensity (30 runs)
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Embedding similarity (median run)
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Embedding similarity (example)

P Real user (Voat)

It’s another example of Microsoft having its head in its . . . , thinking it knows what people
want before they want it, meanwhile completely ignoring what people actually want from
Microsoft — a secure, useful desktop platform.

a LLM agent (simulation)

Microsoft keeps chasing shiny features while neglecting stability. People want a machine
that works, not another marketing “innovation” cycle.

Semantically similar despite different phrasing 22 / 33



Topics: 94% coverage (CS ≥ 0.60)

Simulation topic Closest Voat topic Cos

Privacy & security software (tools; McAfee/Proton;
encryption)

Citizen surveillance/monitoring 0.862

Digital privacy & data protection Citizen surveillance/monitoring 0.808
Lightweight privacy/security (browser/settings;
“simple” privacy)

Copyright and China censorship 0.794

Microsoft/Big Tech & TikTok data Platform manipulation and anti-tracking 0.790
Bostrom/AI ethics & values Robots and AI (general) 0.785
NASA, space & energy Industrial production/policy 0.770
Digital tech + Microsoft (ads/data/platform issues) Legacy Internet and moderation 0.759
Gaming, hardware, virtual/Wi-Fi Hardware lifecycle and security fixes 0.752
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Convergence entropy (3-turn example)

Turn 1 (User A): I keep hopping between Linux distros; Ubuntu LTS feels bloated, with
snapd and systemd everywhere.
Turn 2 (User B): Same. Fedora 40 with Wayland is snappy, but NVIDIA drivers + DKMS +
Secure Boot are a mess.
Turn 3 (Agent A): I moved to

Question: How well can we predict the tokens there using content from previous comments?
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Convergence entropy (3-turn example)

Turn 1 (User A): I keep hopping between Linux distros; Ubuntu LTS feels bloated, with
snapd and systemd everywhere.
Turn 2 (User B): Same. Fedora 40 with Wayland is snappy, but NVIDIA drivers + DKMS +
Secure Boot are a mess.
Turn 3 (Agent A): I moved to Fedora too; Wayland is fast, but NVIDIA drivers and Secure
Boot friction pushed me off Ubuntu.

Question: How well can we predict the tokens there using content from previous comments?
Matched concepts (bold) raise pi; novel concepts lower it, increasing H.
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Convergence entropy (definition)

• Model convergence as predictability: does the
meaning of xi appear in y?

• Embed tokens in x and y; compute semantic
proximity (cosine-based).

• Map proximity to a match probability pi with
calibrated g(·) using the best match in y.

• Shannon entropy over pi; lower H(x | y)
means stronger convergence.

sij = cos
(
e(xi), e(yj)

)
pi = max

j
g(sij)

H(x | y) = − 1
|x|∑i

pi log pi

Convergence entropy follows Rosen & Dale (Rosen and Dale, 2024).
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Convergence entropy (benchmark comparison)
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Convergence entropy (30 runs)
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Limitations

+ Scope

30-day horizon in a sin-
gle community (Voat
v/technology)

F Memory

Stateless agents: no
memory beyond thread
context

m Structure

Simplified feed/engagement
rules; core is more diffuse
than Voat

Related: (Larooij and T"ornberg, 2025; Adornetto et al., 2025)
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The case against frontier models

t Homogeneity
More homogeneous responses; reduced variability
(often behaving like a single problem-solver).

7 Flattened identities
Under-representation of real-world variance; weaker
representation for some demographic groups.

E Curse of knowledge

• Violation of the unawareness principle
• Over-control; easy to steer

Related: (Kozlowski and Evans, 2025; Amirova et al., 2024; Argyle et al., 2023)
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The case against control!

8 Goal-injected bias

Prompts and configuration encode the hy-
pothesis, so results are partially scripted.

4 Minimal control

Remove “hints” so the pattern is not a
byproduct of prompts or rules, but arises
from agent interaction and state.

Emergent patterns > Scripted outcomes
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Takeaways

s Operational validity

Consistent across 30 runs: rhythms,
activity growth, and heavy tails emerge
reliably.

l Network structure

Realistic and interpretable, providing a
stable base for mechanism testing.

I Toxicity & topics

Aligned with Voat, enabling controlled
moderation experiments.

} Semantic alignment

94% topic coverage, supporting down-
stream what-if studies.
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